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Abstract
We incorporate dynamic medium scale navigation in pedestrian motion models to avoid pedestrian groups and, as a new contri-
bution, to obtain realistic queue formation in front of bottlenecks. A ﬂoor ﬁeld stands for the utility of a pedestrian’s location.
Pedestrian agglomerations decrease utility unless the target can only be reached by queuing. Then the utility function is manipu-
lated so that the utility is high in a corridor leading through the middle of the queue. In addition we present a reliable measure for
density using a Gaussian function and apply ﬁltering techniques from image processing to eﬃciently integrate densities over space.
c© 2014 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of PED2014.
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1. Introduction
We incorporate dynamic medium scale navigation in pedestrian motion models to avoid pedestrian groups and,
as a new contribution, to obtain realistic queue formation in front of bottlenecks. Many models use the arrival time
of a wave front propagating from the target to construct a ﬂoor ﬁeld that guides pedestrians along the quickest path
to the target while successfully skirting obstacles (Hartmann (2010); Kretz et al. (2011); Ko¨ster et al. (2011); Seitz
and Ko¨ster (2012); Dietrich and Ko¨ster (2014); Hartmann et al. (2014)). For this, the eikonal equation ||T || = 1/F
is solved in the area of observation, where F stands for the traveling speed of the front (Sethian (1999)). We build
on ideas by Kretz et al. (2011) and Hartmann et al. (2014) to make F depend dynamically on the crowd density. We
also take into account the relative velocity between pedestrians and diﬀerentiate between similar and truly opposing
directions of movement. We argue that it is the change in distance and the rate of change in distance to a crowd that
most inﬂuences a pedestrian’s decision to avoid the crowd. The new F leads to realistic group avoidance.
However, with crowd avoidance alone, mushroom shaped formations in front of bottlenecks remain. This is a trait
that many, but not all, locomotion models share. See e.g. Seitz and Ko¨ster (2012); Dietrich and Ko¨ster (2014). We
posit that the behaviour in front of bottlenecks changes fundamentally from crowd avoidance to a loose form of queu-
ing, without strict getting in line behind a person in front. This means that lines or cones should be observed instead of
the mushrooms that would, perhaps, model unbridled competition for the best position. We achieve reasonable queue
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formation by manipulating F in the eikonal equation, making an agglomeration of pedestrians attracting instead of
deterring. Diﬀerent queue forms emerge for diﬀerent calibration parameters.
We also discuss how to get a reliable measure for density using a Gaussian function and how to apply ﬁltering tech-
niques from image processing to eﬃciently integrate the density over space. This helps to reduce the computational
costs of using a dynamic ﬂoor ﬁeld. We demonstrate all results using the thoroughly validated Optimal Steps Model
from Seitz and Ko¨ster (2012) and von Sivers and Ko¨ster (2014).
This paper is structured as follows. In the results section (2), we ﬁrst explain how solving the eikonal equation
leads to a static utility ﬂoor ﬁeld that guides pedestrians along the quickest path to the target. Then, we show how the
equation can be manipulated so that ﬁrst avoiding crowds and then loose queuing increases utility for the pedestrians.
The question of how to reliably and cost eﬀectively measure density rounds oﬀ this part. In the methods section (3) we
brieﬂy describe the Optimal Steps Model that we build upon. We conclude with a discussion section (4) and possible
next steps.
2. Results
2.1. Solving the eikonal equation to compute a ﬂoor ﬁeld
Static and dynamic ﬂoor ﬁelds are used in many microscopic pedestrian simulations to guide pedestrians around
obstacles towards a target. See e.g. Nishinari et al. (2004); Ko¨ster et al. (2011); Dietrich and Ko¨ster (2014); Hartmann
et al. (2014). In our contribution we interprete the ﬂoor ﬁeld as a utility function. Pedestrians seek to improve their
positions by getting closer to the target and by avoiding obstacles and fellow pedestrians.
We obtain the utility values −T by solving the eikonal equation in the area of observation Ω. T (x, y) stands for the
arrival time of a propagating wave with a traveling speed F(x, y) > 0 at position (x, y) ∈ Ω.
||∇T (x, y)|| = 1
F(x, y)
, T (x, y) = 0 if (x, y) ∈ Ω. (1)
The eikonal equation is eﬃciently solved with Sethian’s fast marching method (Sethian (1999)). In an area with
free line-of-sight and with F = 1, that is, with uniform propagation of the wave front in each direction, the solution
reproduces the Euklidian distance to the target. In that case, the ﬂoor ﬁeld is also static so that for each target the
eikonal equation must be solved only once. This is an operation of complexity O(n log(n)) on a rectangular grid with
n points (Sethian (1999)). Hence, computation time is not a critical issue. Bi-linear interpolation provides utility
values at arbitrary positions between grid points.
2.2. Avoiding pedestrian agglomerations
2.2.1. Simple dependency on crowd density
Pedestrians wanting to reach their target as fast as possible avoid areas with high pedestrian densities where they
would be slowed down. This should be true at least as long as fully rational pedestrians are able to correctly assess
the situation. We would like to point out that, whether or not pedestrians follow unrestricted rationality when making
decisions, is open to debate. Refer e.g. to Gigerenzer and Goldstein (1996). We justify the utility approach, within
the limitations of this model, by the improvement in observable results we obtain. We also assume that collision
avoidance is treated by the underlying locomotion model as it is the case for the Optimal Steps Model employed here.
Refer to section 3 for details.
As a ﬁrst step Hartmann et al. (2014) replace F = 1 in the eikonal equation (1) by a function F that depends in a
simple way on the pedestrian density ρped measured locally in (x, y):
F(x, y) =
1
c · ρped(x, y) (2)
with some constant c. The higher the density the smaller F and the slower the wave front that solves Eq. 1 propagates.
The lines of equal propagation time, that is, the gray lines in Fig. 1 are condensed in that area. Fig. 1 schematically
illustrates the eﬀect for the further reﬁned F from Eq. 4. The propagation time of the wave front in (x, y) corresponds
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to the time a pedestrian needs from that position to reach the target. As a consequence utility decreases with F. The
shortest path is no longer the quickest path to the target.
Also, with F dependent on the ever changing crowd density ρped, the ﬂoor ﬁeld has become dynamic. Even crude
methods to compute the pedestrian density, such as counting the number of pedestrians in a suitable measurement area
around (x, y), turn out to be more computationally challenging than applying fast marching to obtain the ﬂoor ﬁeld.
See Zoennchen (2013) for details. Measuring density thus becomes the major issue for eﬃciency. We will investigate
density measures in sections 2.4 and 2.5.
Fig. 1. Schematic illustration of the dynamic ﬂoor ﬁeld in case of avoiding crowds. The red pedestrian avoids the crowd by choosing the quickest
path (green) instead of the shortest path (black) to the target.
2.2.2. Dependency on crowd density and relative speed
The next step is to take into account that pedestrians walking in opposite directions hinder each other more than
pedestrians walking in the same direction. Hartmann et al. (2014) use each pedestrian’s target orientation to get a
rough distinction between walking directions and thus more realistic crowd avoidance. We argue that it is not only
the walking direction of other pedestrians that makes a diﬀerence but also the change in distance. We call this relative
velocity. Pedestrians walking in the same direction with the same speed should hinder each other very little, whereas
a pedestrian behind a group walking in the same direction but with a lower speed is detained. Our goal is to ﬁnd a
function F that decreases when the relative velocity increases. Utility then decreases with F. We divide the calculation
of the utility in three steps:
1. Calulate the static ﬂoor ﬁeld −T for each target ignoring densities (i.e. F = 1). Thus we obtain the shortest
distance to the target.
2. Construct a function F that includes the pedestrian density ρped and, in addition, terms ρob that take into account
that, from a pedestrian’s point of view, areas adjacent to obstacles also feel ‘crowded’. Hence ρped and ρob give
a measure for ‘occupancy’.
3. Calulate the dynamic ﬂoor ﬁeld by solving the eikonal equation.
Step one and three involve the fast marching algorithm. Step two is the modeling aspect we are interested in. For
each target a dedicated F must be constructed. For readability, we skip the target index. Following Seitz and Ko¨ster
(2012), each pedestrian i contributes a local density ρpartialped ((xi, yi), (x, y)) to the overall density. This partial density
evaluated at (x, y) in the plane shows the inﬂuence of pedestrian i at that point. It is given by a Gaussian function
centered in position (xi, yi) of pedestrian i. See Eq. 8 in section 2.4.
The overall pedestrian density at measurement time tk is obtained by summing over all pedestrians (Seitz and
Ko¨ster (2012)).
ρped(x, y) = Sped ·
∑
(xi,yi)∈Ptk
[
ρ
partial
ped ((xi, yi), (x, y))
]
, (3)
Ptk is the set of all pedestrian positions at time tk. Sped is a normalization factor that ensures that the overall density
attains the value 1 for a theoretical crowd packed at maximum density and 0 for an empty space. The measurement
times tk, k = 0, 1, 2 . . . are chosen at suitably small intervals (here 0.4s). Note that in the Optimal Steps Model we use
an event driven update to have each pedestrian step ahead when it is naturally his or her turn (section 3). The tk are
independent of the scheduling of the stepping events.
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Now we alter ρped(x, y) in the denominator of the fraction that gives F. We multiply each partial density by a
weight r(si) that depends on the pedestrian’s speed si in direction of the target we are looking at. The relative speed
function r is supposed to measure how much pedestrian i hinders other pedestrians that walk in the direction of the
target. Note that pedestrian i may very well try to reach a diﬀerent target. Our goal is to consider the contribution
caused by pedestrian i less, when the velocity component of pedestrian i towards the target in question is large, and
more when it is small or even negative. We suggest
F(x, y, tk) =
1
1 + Sped
∑
(xi,yi)∈Ptk
[
ρ
partial
ped ((xi, yi), (x, y)) · cped · r(si)
]
+ cob · ρob(x, y)
, (4)
where ρob is a measure for the density caused by obstacles, which is similar to ρped but static. Parameters cob and cped
will be used for calibration.
To deﬁne the relative speed r between a pedestrian i and a pedestrian j we ﬁrst estimate the velocity component of
pedestrian i in the direction of the target of pedestrian j:
si(tk) =
T j(xi(tk), yi(tk)) − T j(xi(tk−1), yi(t j−1))
tk − tk−1 (5)
T j was computed in step one for the target of pedestrian j. It denotes the shortest distance to the target because F
was chosen to equal 1. Thus si(tk) gives an estimate of the velocity component of pedestrian i towards the target of
pedestrian j.
Our intention is to construct a smooth function r that measures how much pedestrian i hinders pedestrian j from
moving towards her target. We argue that there should be no or little inﬂuence when pedestrian i moves at the desired
speed v0 of j (or faster) directly towards the target. We want to see a strong inﬂuence when he moves at speed v0
(or faster) away from the target and we suggest a relative speed of v0 when he moves perpendicularly to the target
direction. However, to keep the complexity manageable we take the mean of all desired velocities (in this paper
1.34m/s) instead of considering individual desired velocities.
Let this mean desired velocity be s¯. Let then s be the computed as in Eq. 5. We momentarily drop the index i in
the speed. Then function r(s) deﬁnes the relative speed between pedestrian i and all pedestrians with target j:
r(s) = min
(
2 · s¯, 2 · s¯ · exp
([ s + s¯
s¯
]2
· ln(0.5)
))
(6)
Function r looks as follows:
3 2 1 1 2 3 s
0.5
1.0
1.5
2.0
2.5
rs
Fig. 2. The relative speed function r.
With our choice of r, the approach works regardless of the position and the number of the targets. Also, for each
target, the static ﬂoor ﬁeld must be calculated only once, ensuring computational eﬃciency.
However, there is one situation when the deﬁnition in Eq. 6 is problematic. Suppose a lot of pedestrians try to avoid
a crowd at a bottleneck. They might even walk away from their target on their detour. With the current algorithm, this
leads to a negative value for s and a big value for r, that is, an indication for strong hindrance. In reality, pedestrian
on a common detour should not hinder each other much. They walk on parallel trajectories: r should be small. We
suggest the following ‘patch’: We check whether the pedestrian’s utility has increased by the last change in position
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based on the utility values of the current dynamic ﬂoor ﬁeld. If s is negative at the same time, that is, if the pedestrian
walks away from the target, he or she must be on a detour. In that case, we use |s| instead of the negative s in Eq.
6. For details we refer to Zoennchen (2013). With the new F from Eq. 4 we get dynamic utility functions that yield
signiﬁcantly more realistic results than the former static ﬂoor ﬁelds. See Fig. 1.
2.3. Queuing
In many pedestrian stream models the crowd in front of a bottleneck forms a mushroom. See e.g. Seitz and
Ko¨ster (2012). This form is not necessarily wrong if one thinks, perhaps, of very competitive situations. However,
when looking at experiments, such as Liddle et al. (2011b,a), one sees a cone shape. In front of cashiers lines can
often be observed ranging from very loose to very strict. In this paper we aim at modeling loose queues. We argue
that the behavior in front of bottlenecks changes fundamentally from trying to avoid proximity to a loose form of
queuing without strict getting in line behind a person in front. Traditional queuing systems as described for instance
in Bungartz et al. (2009) well describe serving processes and could be used to model a straight line where the density
distribution or the headway play no role. The ansatz can be reﬁned with an exclusive queuing processes to include
density proﬁles (Arita and Schadschneider (2012)).
We use a fundamentally diﬀerent approach: Our idea is to manipulate F in the eikonal equation Eq. 1 so that a
utility corridor forms that attracts pedestrians to join the end of a queue and to keep loosely queuing. We want the
following requirements to be met:
1. Pedestrian join a queue using the shortest path to the queue.
2. The queue width is approximately uniform, with the exception of the tail.
3. Queue-jumping is not allowed.
4. Pedestrians move towards their target while queuing.
We use the pedestrian density ρped to generate a function F that is large within the corridor formed by the queue.
Large F means high utility.
Fig. 3. Schematic illustration of the dynamic ﬂoor ﬁeld in case of queuing. The red pedestrian queues up because the path with the largest utility
goes through the blue pedestrians. The green pedestrian does not overtake, since the utility of his current position is larger than any other reachable
unoccupied position. Only the utility of the grew area is larger than the utility of the position of the green pedestrian.
We propose the following F:
F(x, y) =
1
1 −min
(
cqueue · ρped(x, y), 1 − 
)
+ cobρob(x, y)
, with 0 <  < 1, (7)
As before ρped and ρob are the pedestrian density from Eq. 3 and the obstacle ‘occupancy’ taken from Seitz and
Ko¨ster (2012). Parameter cqueue controls the width of the queue; cob calibrates the deterring inﬂuence of walls. We
need a small constant , e.g.  = 0.0001, to ensure that the denominator in Eq. 7 does not vanish and that F is
bounded: F ≤ 1

. Taking min
(
cqueue · ρped(x, y), 1 − 
)
levels out the inﬂuence of the high density values in the middle
of a crowd. Thus, instead of a center of utility we get a corridor of maximum utility. See Fig. 4. An approaching
pedestrian looking for the highest attainable utility value will join the queue at its end. A queue of approximately
uniform width forms instead of a ball. The clear structure only dissolves at the end of the queue. See Fig. 5. Thus
requirements 1 and 2 are fulﬁlled.
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The bigger factor cqueue, the smaller the densities need to be to be leveled out. Utility quickly drops at the ﬂanks
of the queue. Thinner queues emerge than with small cqueue. Hence, the bigger cqueue the slimmer the queue is. See
Fig. 5.
Now suppose a pedestrian is in the queue. Clearly, if she is in the middle, she is blocked from overtaking pedestrians
in front of her. A pedestrian at the border of the queue would overtake another pedestrian if there is an unoccupied
position that has a larger utility than his current position. But as can be seen in the schematic illustration of Fig. 3,
utility increases in the direction of the target and the center of the queue where the path is blocked. Hence pedestrians
stay in line, which gives us requirement 3. Finally, the head of the queue always moves towards the target. Thus the
whole queue moves towards the target which implies requirement 4.
Fig. 4. Queuing behavior, wave propagation speed F and dynamic ﬂoor ﬁeld in a corridor of 50m × 10m. Top: pedestrians (blue) queue up from
left to right in front of bottleneck to reach a target (yellow). Left: the ﬁeld F from Eq. 7. Green areas indicate very high values of F and lead to a
corridor of maximum utility after solving Eq. 1. Right: the corresponding dynamic ﬂoor ﬁeld. The contours in the plot denote equal utility values.
Fig. 5. Snapshots of queuing behavior in a corridor of 50m×10m; Left: cqueue = 3.0. The queue is approximately uniform and the wider than in the
right snapshot. Right: cqueue = 8.0. The queue is approximately uniform in front and only dissolves at the end where too many pedestrians from
the source (green) try to join simultaneously.
2.4. Density measures
Standard deﬁnitions for density as discussed in Liddle et al. (2011a) exhibit large ﬂuctuations. These can be
removed by averaging over time but at the cost of reduced time resolution of the measurement. Another approach is
to use the Voronoi diagram deﬁned by the pedestrian positions. The drawback is that it is diﬃcult to calculate Voronoi
diagrams for scenarios containing arbitrarily shaped obstacles. A third ansatz to get a well deﬁned density at any
position and at any time is to use Gaussian functions as adopted in Seitz and Ko¨ster (2012). We deﬁne
ρ
partial
ped ((xi, yi), (x, y)) = f ((xi, yi), (x, y)) =
1
2πR2
exp
(
− 1
2R2
||(xi, yi) − (x, y)||2
)
. (8)
The parameter R controls the width of the Gaussian function. Plugged in Eq. 3 we get the desired overall pedestrian
density in arbitrary (x, y). As suggested by Seitz and Ko¨ster (2012) we choose R = 0.7. To deﬁne a static obstacle
density, we use the same Gaussian function f with the same R, integrate over the space Oi occupied by each obstacle
i, and ﬁnally sum over all obstacles i = 1, . . . ,m: (Seitz and Ko¨ster (2012)):
ρob(x, y) =
m∑
i=1
∫
Oi
f ((x˜, y˜), (x, y))dx˜dy˜. (9)
Note that in the limit, the mathematical deﬁnition for one obstacle is equivalent to the deﬁnition of the pedestrian
density that sums over partial pedestrian densities. An obstacle corresponds to inﬁnitely many pedestrians of zero
torso radius who are positioned dense in space and where the word ‘dense’ is used in the mathematical sense.
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With this measure for ‘occupancy’ pedestrians avoid too close proximity to walls as much as they avoid densely
occupied areas. As a result, when navigating around corners, pedestrians do not stick so close to the wall right in front
of the corner, reducing unrealistic congestion. See Zoennchen (2013) for example simulations.
2.5. Filtering techniques and parallelization
We need to recalculate the pedestrian density ρped regularly to have a truly dynamic ﬂoor ﬁeld. To determine ρped
for a speciﬁc position (x, y) we have to iterate over all pedestrian positions evaluating the Gaussian function from
Eq. 8. We need F, and hence ρped, for all positions of the underlying discrete grid. This results in a run time of
O(n m), where n is the number of grid points and m is the number of pedestrians. This is critical, since m and n can
be very large. Our goal is to reduce the cost of computing the dynamic ﬂoor ﬁeld without loosing too much accuracy.
For this we reduce the complexity of evaluating ρped: Eq. 3 can be evaluated by applying a discrete convolution
using a Gaussian blur ﬁlter from image processing which is traditionally employed to reduce image noise (Zoennchen
(2013)).
We also parallelize the process using the fact that the density values at all grid points can be computed indepen-
dently. To take advantage of multiple processors (e. g. of a GPU), we create a matrix that represents the discrete grid.
If a position is occupied by a pedestrian the corresponding entry in the matrix is set to Sped · cqueue or Sped · cped · r(s)
for the formula with relative speed. After applying the Gaussian ﬁlter (the discrete convolution) the matrix contains
the pedestrian density for each grid point.
If we considered all pedestrians in the ﬁltering process, the convolution matrix would become very large. Therefore,
at (x, y), we only take into account pedestrians in a 9m×9m square with (x, y) at the center. Since the Gaussian function
in Eq. 8 quickly goes to zero away from its center, this hardly reduces accuracy. With a resolution of = 0.1m for the
underlying numerical grid, the convolution matrix now has 90 × 90 entries. The process can be further improved by
applying two ﬁlters with 90 entries consecutively.
We loose accuracy at two points: First by neglecting the precise pedestrian position within a grid cell, then by
ignoring the inﬂuence of pedestrian outside a certain area. If we used the ﬂoor ﬁeld to avoid collisions with other
pedestrians or obstacles this might not be permissible. But when guiding pedestrians around densely occupied areas
there was no visually discernible diﬀerence in the results.
For the obstacle density we use the same spatial disrcetization, create the same matrix, but with values cob when
a grid point is occupied by an obstacle, and apply the same Gaussian ﬁlter. This technique can be applied even if
the scenario contains arbitrary obstacles which would make traditional integration of Eq. 9 rather challenging. Fig. 6
illustrates this using an image and integral color values instead of the ﬂoating point values in the matrix.
Without using image processing run time grows linear with the number of pedestrians. For a scenario of size
40m × 30m with about 500 pedestrians and a grid resolution of 0.1m, the run time on a MacBook Pro with 2.4
GHz Dual Core, 4GB RAM, NVIDIA GeForce 320M and with 256 MB RAM was approximately 10s. With image
processing, the run time is almost independent of the number of pedestrians m. For the same scenario the run time
was about 70ms for all m ∈ [0, 500]. For more details see Zoennchen (2013).
3. Material and Methods
3.1. The Optimal Steps Model
In principal, the navigation model in section 2 does not depend on the choice of locomotion model. For all
simulation results in this paper we chose the microscopic Optimal Steps Model from Seitz and Ko¨ster (2012); von
Sivers and Ko¨ster (2014). The Optimal Steps Model advances pedestrians step by step with their natural stride
length. The pedestrians’ stride lengths and their presumed free-ﬂow velocities determine corresponding sequences of
moments when they step forward. Ordering these moments chronologically gives the sequence of all stepping events
(Seitz and Ko¨ster (2014)). At each stepping event, the position of the next step is found by optimizing utility on a disk
around the pedestrian with the pedestrian’s stride length as the radius. Pedestrians avoid collisions and slow down in
a dense crowd because other pedestrians locally decrease utility. The local utility optimum is no longer on the circle’s
rim but inside the disc. As a consequence, the pedestrians make smaller steps. If the old position is better than any
new position, they might even skip steps. Mathematically this is achieved by superimposing a second dynamic ﬂoor
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Fig. 6. Visualization of the image processing technique. Left: snapshot of a room of size 20m × 20m with pedestrians (blue circles) walking from
a source (green) on the right to a sink on the left (yellow). The red border around the obstacles (black) visualizes the obstacle density values. At
the bottleneck the area is colored intensely red; Right: the same snapshot but without showing the pedestrians so that the gray shades that indicate
pedestrian density can be seen. The larger the local pedestrian density, the larger is the color value, that is, the darker is the gray shade;
ﬁeld with individual pedestrian ‘potentials’ that represent local utility dips. The Optimal Steps Model is microscopic,
deterministic with stochastic aspects such as randomly distributed free-ﬂow velocities, discrete in time and space with
event-driven updates. For validation we refer to former publications Seitz and Ko¨ster (2012); von Sivers and Ko¨ster
(2014); Seitz and Ko¨ster (2014).
4. Discussion
We devised a dynamic ﬂoor ﬁeld that denotes utility and decreases with the local pedestrian density to make
pedestrians navigate around dense groups. By inverting the eﬀect we obtained realistic looking loose queuing in front
of bottlenecks. We kept computationally complexity at bay by using ﬁltering techniques from image processing and
by executing expensive function evaluations in parallel.
Our main argument was that pedestrian confronting a bottleneck change their behavior fundamentally. They no
longer seek the quickest route to a target but queue up. Each behavior was represented by a ﬂoor ﬁeld, one static and
one dynamic. Other behaviors like seeking shelter under a roof on a rainy day, may also be expressed through ﬂoor
ﬁelds, or combinations of ﬂoor ﬁelds. However, the questions when and where and how to switch between behaviors,
and thus between ﬂoor ﬁelds in a simulation, remains open. To make agents recognize which situation they are in,
would introduce ‘intelligence’ and potentially a lot of computational cost into a formerly very simple model. Clearly,
any such decision mechanism should be based on observations and on ﬁndings from psychology. We believe that
there is a need for controlled experiments and ﬁeld observations as well as interdisciplinary cooperation.
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